Abstract. Actual land cover maps are a very good source of information on present human activities. It increases value of actual spatial databases and it is a key element for decision makers. Therefore, it is important to develop fast and cheap algorithms and procedures of spatial data updating. Every day, satellite remote sensing deliver vast amount of new data, which can be semi-automatically classified.
Introduction
Development of a current land cover map is a time-consuming procedure, because due to vegetation growth and fast urbanization processes such maps must be frequently updated. Satellite images collected daily or in the interval of several days are one of the sources of data used for updating of land cover maps. Until now Corine Land Cover (CLC) databases for Poland have been created as a result of an expert visual interpretation of satellite images. Visual photointerpretation is time-consuming, in the case of CLC2012 covering the area of Poland it lasts almost one and half years (A. Hościło, M. Tomaszewska 2015) , as well as costly and subjective. Thus it is important that an automatic or semi-automatic methods of land cover mapping are developed. Such methods are more objective and less expensive, and the process of classification takes less time than in the case of visual interpretation. Nevertheless there is still problem with mapping various stages of vegetative growth. Application of a fuzzy artificial neural network simulator fuzzy ARTMAP (G.A. Carpenter, S. Grossberg et al. 1992 ) for generation of land cover maps allows for automation of the classification process.
The article presents the methods of land cover classification according to the Corine Land Cover legend using satellite images from Landsat TM 1 and the fuzzy ARTMAP simulator. A research area covers a part of Warsaw and the sub Warsaw area ( fig. 1) .
The join NASA/USGS Landsat program has provided images of the Earth since 1972 (8 satellites have been launched so far). Table 1 presents the parameters of Landsat satellites. In this article, the Landsat 5 TM images with a spatial resolution of 30 m were analyzed. Landsat images were used to develop Corine Land Cover 1990 and 2000 (E. Bielecka, A. Cioł-kosz 2004) . Corine Land Cover (CLC) program (COoRdination de l'Information sur l'Environnement / CO-oRdination of INformation on Environment) resulted from an initiative of the European Union in 1985. Its objective was to gather harmonized information about the state of environment in areas of priority for all E.U. countries and to synchronize efforts in data gathering at the national and pan-European level (Commission of the European Communities 1995). CLC legend includes 44 classes of land cover and is divided into 3 levels of detail. The first level, of least detail, contains 5 main classes, the second -15 classes, and the third -44 classes. CLC database in Poland includes 33 classes of land cover within the third level of detail. CLC database is updated in a 6 year cycle; the latest was created for 2012. Because of the cyclicity of CLC databases' elaboration it is possible to analyze changes in land cover between periods (J. Feranec et al. 2007 ). CLC2012 database was used for selection of training and verification polygons (J.B. Campbell, R.H. Wynne 2011) necessary for classification, i.e. assigning the pixels of similar spectral reflection into a particular cluster, which relates to a defined group of objects (J.R. Anderson et al. 1976) .
Classification using the artificial neural networks method was based on image spectral parameters and non-parametric components, Fuzzy ARTMAP simulator used by the authors was prepared by the team of Professor Paolo Gamba at the University of Pavia (G. Trianni 2007) . It is a supervised network, which uses an earlier prepared model of maps with separately prepared training and verification polygons for classification. When creating polygons it is important that verification and training polygons do not overlap; such overlapping can have negative effect on the result of classification. Two patters are input into the network: the first -learning pattern, and the second -verification pattern. Parameters concerning neuron signal choice, network learning speed, probability factor and iteration number are also defined. The network is supposed to learn the relations between testing layers, multispectral images and additional files, e.g. NDVI value layer (B. Zagajewski 2010). Fuzzy ARTMAP simulator is also a competing network. Within the network there are two simulators which simultaneously analyzed data. The image which is classified better is presented as the final result of network's operation (B. Zagajewski 2010). In their works B. Zagajewski (2010), U. Pytlak (2013) and M. Kacprzyk (2013) classified satellite images using fuzzy ARTMAP simulator. B. Zagajewski (2010), working on hyperspectral DAIS 7915 data, obtained producer accuracy of 86% and user accuracy of 75%. U. Pytlak (2013) , classifying a Landsat satellite image, obtained total accuracy of 91%, and M. Kacprzyk (2013) , also from a Landsat satellite image, obtained a total accuracy of 68%.
Research methods
Classification was done at the second level of Corine Land Cover legend, using 10 classes.
Classification and evaluation of its accuracy were performed according to the following scheme ( fig. 2) .
Images acquired by Landsat 5 on 21 April 2011, 5 June 2010 and 27 August 2011 were obtained from the USGS' Earth Explorer ( fig. 1A,  1B, 1C) . At the first stage the CLC2012 was transformed from the PUWG 1992 coordinate system into UTM WGS-84 model using ArcMap ESRI 10.2 software, to comply with Landsat satellite images. Finally, the study area was subset.
In the next step the training and verification polygons were determined basing on CLC2012 database. In total, 10 classes of land cover were established in the analyzed area according to the second level of CLC legend: 1.1 urban fabric, 1.2 industrial, commercial and transport units, 1.4 artificial, non-agricultural vegetated areas, 2.1 arable land, 2.2 permanent crops, 2.3 pastures, 2.4 heterogeneous agricultural areas, 3.1 forests, 3.2 scrub and/or herbaceous vegetation, and 5.1 inland waters. Basing on the Landsat images, an NDVI normalized green vegetation index was calculated based on red and infrared bands. NDVI determine the density and condition of the vegetation, thus can be useful to differentiate various vegetation types. The classification with the fuzzy ARTMAP simulator was performed using six bands of Landsat images (except thermal band), NDVI data and training and verification polygons in bitmap format. A post-classification image and an accuracy chart were obtained as a result of artificial neural network operation. Finally, an evaluation of total accuracy, which shows the proportion of correctly classified pixels to their total number, was performed. For this purpose, an error matrix was built with verses containing number of properly classified pixels of each kind of land cover types according to the validation set and columns in which results of particular pixels representing analyzed classes originating from classification are recorded (B. Zagajewski 2010). The matrix informs how accurate (i.e. with what accuracy) the pixels in particular verification areas were classified (J.R. Jensen 2005).
Classification results
As a result of the classification procedure using polygons drawn on the base of CLC2012 map a set of post-classification images was obtained ( fig. 3A, 3B, 3C ). Error matrices presenting accuracy were also generated (table 2) .
Total accuracies achieved for all post-classification images are comparable, about 70%. The best result (76%) was achieved for the image acquired in August ( fig. 1C ) and the worst for the image from June ( fig. 1B, 68,6% ).
The best classification was achieved classifying the image from 21 April 2011 ( fig. 1A) , where 75.1% pixels were correctly classified ( fig. 3A) . The error matrix (table 2a) Kacprzyk (2013) for natural lowland ecosystems. It was also noted that the achieved accuracy depends on the type of land cover (its heterogeneity). U. Pytlak (2013) achieved the highest accuracy for large agriculture areas, where bigger inland waters scored the best results (98.1-99.9%), and homogenous arable land (94.9-96.3%) and forests (89.9-97.4%) were classified very well.
Conclusion
Basing on the achieved results (accuracy at the level of 68-76%) it was determined that the artificial neural networks can be a useful tool for elaboration of selected land cover types. Classification using non-automatic methods gives similar accuracy but requires more time and effort. Another advantage of artificial neural networks is that they lower the influence of error resulting from the lack of knowledge of land cover. The simulator classifies terrain based on satellite images. Land cover maps in various countries are elaborated by the same standards and parameters. Nevertheless it should be noted that results generated by artificial neural networks are cartographically incorrect and further rendering by adding additional elements is required.
Conclusions:
• The highest total accuracy was achieved on a Landsat 5 image acquired on 27 August 2011 (76.6%); the lowest accuracy (68.8%) was achieved on the spring image acquired on 21 April 2011.
• Despite similar values of the total accuracy for all images (about 70%), user and producer accuracy vary even by several dozen percent.
• Land cover classes like inland waters, forests and urban fabric were classified with the highest accuracy. For these classes artificial neural networks are a very good classification tool.
• The mixed crop classes were not classified correctly with the artificial neural networks.
